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Abstract 
Diffusion weighted imaging (DWI) is a magnetic resonance imaging technique that is 
able to give valuable insight into neuronal structure in vivo. By looking at the diffusion of water 
molecules, information on the integrity of different fiber pathways are able to be observed.  One 
particular application of DWI is to provide a non-invasive window into changes in fiber 
pathways with age, in hopes to better understand the aging process.  Along with age-related 
declines in myelination of fiber pathways in the brain, there is generally a decline in performance 
on both cognitive and motor tasks. By combining motor control measures and diffusion metrics, 
the role of the neural structure in the performance of the aging motor system can assessed.  The 
work presented here compares several different effectors to see if motor control declines 
differently and if that difference is related to myelination changes in fiber pathways specific to 
each effector.  A decline in the myelination of age was observed and was also able to explain 
significant amounts of the age-related variance in motor control in particular motor control tasks 
for effectors. 
The ability to accurately measure effector specific pathways is limited by the spatial 
resolution of current DWI acquisitions. In order to get improve DWI to get more accurate 
measurements of specific fiber tracts, a technique to achieve higher image resolution diffusion 
weighted images is developed and implemented.   The technique uses a 3D approach to increase 
SNR, while utilizing a relatively short TR, leading to a more efficient imaging scheme.  
Techniques to overcome the challenges associated with long readouts, motion induced phase 
errors, and image reconstruction were developed and tested. Results are given for 1 mm isotropic 
resolution on volunteer's brains scanned on a 3 T MRI scanner. 
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1. Introduction 
1.1. Magnetic Resonance Imaging 
Magnetic resonance imaging (MRI) is an imaging technique that uses the nuclear 
magnetic properties of atoms to acquire information about an object and form an image.  It has 
become popular due its ability to provide a variety of types of contrast while imaging in vivo. 
MRI uses a large static magnetic field to align nuclear spins which creates a net magnetization 
vector. By manipulating the magnetization through radio frequency (RF) pulses and magnetic 
field gradients many different ways of imaging an object are possible. 
1.1.1. MRI data 
Initially the magnetization vector of an object in a static magnetic field is aligned with the 
main magnetic field, B0.  By applying a RF pulse to the object the magnetization can be moved 
into the transverse plane, perpendicular to the main magnetic field.  The transverse 
magnetization will precess around the main magnetic field and can then be measured by a 
receiver coil. The rate of precession is proportional to the magnetic field and is equal to ω=γB, 
where ω is the precessional frequency in radians/second, γ is the gyromagnetic ratio, and B is the 
magnetic field strength. This is referred to as the Larmor frequency.  By applying spatially 
varying magnetic fields, spins at different positions will precess at different frequencies.  In this 
way, gradient fields are used to encode spatial information in the frequency and phase of the 
magnetization of the object. 
Applying linear magnetic field gradients result in a specific spatial variation in the 
magnetization of the object, inducing sine and cosine weightings across the object with different 
spatial frequencies. The produced signal is related to the spatial frequency of the object.  In MRI, 
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k is used to denote a particular spatial frequency of the object. With MRI it is then possible to 
sample data in spatial frequency domain, or k-space, where the location in k-space is determined 
by Equation 1. 
               
 
 
 
Equation 1 
There are generally two ways to sample k-space.  k-space can be sampled on a Cartesian 
grid, or raster scanning.  K-space can also be sampled using non-Cartesian sampling.  The non-
Cartesian k-space sampling trajectory can take many forms.  Two of the most common 
trajectories are radial sampling and spiral sampling.  
1.1.2. Image Reconstruction 
MRI image reconstruction aims to determine the most likely image from the k-space 
sampled data.  The reconstruction process is the simplest in the case of Cartesian sampled data. 
In this case, the image reconstruction can be performed using the Fast Fourier Transform (FFT). 
If the k-space data was not sampled on a Cartesian grid, a Gridding reconstruction can be used to 
grid the data to Cartesian points so that a FFT can be used (Jackson et al., 1991; Matej and Bajla, 
1990; Rosenfeld, 1998; Van de Walle et al., 2000). 
Another option for image reconstruction is to use iterative techniques.  The 
reconstruction problem can be put into the framework in Equation 2. Where   is the estimate of 
the object. A is the system matrix representing the imaging physics forward problem,    is the 
object that we are trying to find. Ỹ is the measured k-space data. 
      
 
       
 
 
 
Equation 2 
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Equation 2 can be minimized using iterative methods (Shewchuk, 1994). This will result 
in an estimate for the measured object that best matches the acquired k-space data.  By 
modifying the system matrix or cost function, other information can be incorporated. One 
possible adjustment is to incorporate coil sensitivities (Pruessmann et al., 2001) into the system 
matrix, in this way data from multiple coils can be efficiently combined.  Another aspect that can 
be used is to incorporate field inhomogeneity information (Sutton et al., 2003). This allows for 
some errors due to field inhomogeneity to be corrected. Additionally, the cost function can be 
modified to include a priori information about likely images, such as incorporation of a 
roughness penalty to prefer images with smoothness that matches expected medical images. 
1.2. Diffusion Weighted Imaging 
An increasingly popular technique with MRI is diffusion weighted imaging (DWI). DWI 
can be used to infer restrictions to water diffusion within tissues, such as cell membranes and 
myelinated axons in the brain. Diffusion weighted imaging encodes very small movements along 
an axis in an attempt to measure the amount of diffusion that occurs along that axis 
1.2.1. Diffusion Encoding 
Diffusion encoding is accomplished by applying a pair of diffusion encoding gradients, 
Figure 1. A gradient is first used to encode the spatial position of particles by changing the phase 
of the magnetization.  The particles are then allowed to diffuse.  After some time a second 
gradient pulse is applied in opposite polarity to the first pulse, to decode the spatial position.  The 
amount of diffusion that occurred will then be related to the amount of signal loss due to phase 
cancellation. By changing the shape and size of the diffusion encoding gradient, the diffusion 
encoding can be made sensitive to different amounts of diffusion.  The parameter that describes 
what motions a DWI acquisition is sensitive to is called the b-value. 
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Figure 1: Signal preparation for diffusion weighted imaging 
The pulsed gradient spin echo (PGSE) sequence (Tanner and Stejskal, 1968), Figure 2, is 
one of the most commonly used sequences to measure diffusion.  The PGSE sequence uses two 
gradients of the same polarity with a 180⁰ pulse between them.  The 180⁰ pulse allows the 
sequence to have T2 weighting, enabling longer echo times and larger amounts of diffusion 
encoding to be used. 
 
Figure 2: Pulsed gradient spin echo sequence 
There are several other diffusion encoding sequences that have been used.  The twice 
refocused spin echo (TRSE) sequence (Reese et al., 2003) uses two 180⁰ pulses to create a 
sequence that is more immune to eddy current effects.  There have also been several techniques 
that have been used with 180⁰ pulses to minimize eddy currents (Finsterbusch, 2009). 
1.2.2. Diffusion Metrics 
By comparing a diffusion weighted image to an image without diffusion weighting, an 
estimate of the diffusion coefficient can be made.  This estimate of the diffusion coefficient is 
called the apparent diffusion coefficient (ADC).  The ADC is calculated using Equation 3, where 
S is an image with diffusion weighting b b. S0 is an image with no diffusion weighting.  The D 
for a particular diffusion encoding direction is the ADC in that diffusion encoding direction. 
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Equation 3 
By measuring the diffusion in many directions, models of the diffusion propagator can be 
made for each voxel.  The most common model used is the tensor and is commonly referred to as 
diffusion tensor imaging (DTI).  A tensor is a 3x3 matrix with 6 six unique entries, Equation 4, 
therefore it requires at least six measurements of diffusion in different directions in order to 
estimate the tensor.  More diffusion directions are commonly used in order to more accurately 
estimate the tensor in the presence of noise. 
   
         
         
         
  
Equation 4 
The tensor model describes the diffusion as an ellipsoid.  From tensor model, several 
metrics can be derived to characterize the diffusion in a particular voxel.  The eigenvectors of the 
diffusion tensor represent the primary, secondary, tertiary direction of diffusion respectively. The 
eigenvalues of the tensor represent the ADC in the direction of the eigenvectors. The mean 
diffusivity (MD) is the average of the eigenvalues of the tensor.  Axial diffusivity (AD) is the 
diffusion coefficient along the primary axis of the diffusion ellipsoid and is the first eigenvalue, 
λ1, of the tensor.  Radial diffusivity (RD) is a measure of the diffusion perpendicular to the main 
axis of diffusion.  RD is calculated by taking the mean of the second and third eigenvalues, λ2 
and λ3, of the tensor. 
One of the most commonly used metrics used to describe the anisotropic shape of the 
tensor is fractional anisotropy (FA). FA is calculated using Equation 5.  This measure is zero for 
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diffusion that is isotropic, uniform in all directions.  FA equals 1, if the diffusion occurs only 
along one axis.  FA is used to provide a measure of how directed the diffusion is.  
    
         
 
        
 
        
 
 
    
    
    
  
 
Equation 5 
 
1.2.3. Tractography 
An extension of diffusion imaging is to analyze the orientation of diffusion in different 
structures.  In axons, the diffusion is restricted perpendicular to the direction of the axon.  
Because axons have a large ADC in the direction of the axon and small ADC perpendicular to 
the axon, information about axon orientation can be gained through DTI. By taking the first 
eigenvector of the tensor model, the primary direction of diffusion and also the main direction of 
axons in a voxel can be estimated. 
In tractography, information on the orientation of axons is used to attempt to trace out 
white matter fiber tracts in the brain.  The general idea behind most tractography algorithms is to 
find groups of voxels that have eigenvectors orientated in a way that having an axonal fiber tract 
running through them is likely.  Many algorithms have been developed to do this type of analysis 
(Bammer et al., 2003; Behrens et al., 2003c; Parker et al., 2002; Staempfli et al., 2006).  In 
Figure 1, an example of a fast marching algorithm is shown where the end of tracts is determined 
by a turning threshold that is too sharp. 
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Figure 3: Example of a tractography method. Blue arrows indicate the main eigenvector for each voxel. The three orange dots 
are seed regions for fiber tracts.  The orange lines, indicating a possible fiber tract, begin at the seed regions and are 
propagated in the direction of the main eigenvector to adjacent voxels.  The tracts end when a termination condition is met, 
such a s a sharp turning angel indicated by the red X. 
1.3. Applications of Diffusion Imaging 
Diffusion imaging popularity has increased due to its usefulness in investigating white 
matter fiber structure. Measures of radial diffusivity and fractional anisotropy have been shown 
to directly relate to the myelination state of axons (Song et al., 2002).  By providing a measure of 
axon myelination in vivo and non-invasively, much work has been done to identify brain regions 
that change with age and with disease (Salat et al., 2005).  Additionally, several studies have 
examined the ability of DTI metrics to explain variance in performance on cognitive tasks 
(Madden et al., 2009; Metzler Baddeley et al., 2011; Sullivan et al., 2010).  
One way that tractography has been used is to identify the location of specific fiber 
pathways. An area where this is of particular interest is in the pre-surgical planning (Clark et al., 
2003; Devlin et al., 2006; Mikuni et al., 2007).Tractography has also been used as an aid to study 
brain connectivity.  The connectivity has been investigated from both a structural, functional, and 
effective connectivity perspective, with a wide array of algorithms being implemented (Conturo 
et al., 1999; Hagmann et al., 2003; Le Bihan, 2003; Ramnani et al., 2004).  
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1.4. Motivation for Current Study 
The unique structural information provided by DWI makes it in high demand for 
investigating a wide range of functional networks in the brain.  In chapter 2, diffusion weighted 
imaging is applied to look at motor control and the impact of cerebral networks on age-
dependent changes in performance. The study shows that diffusion imaging can be used to look 
at how myelination measures relate to performance on a motor force control task.  
However, the diffusion imaging techniques in this and other current studies are limited to 
large fiber pathways. Higher resolutions are needed in order to look at smaller fiber pathways 
and to improve sensitivity of the measures to these pathways by reducing partial volume effects. 
In chapter 3, a technique will be presented that allows for the collection of higher resolution 
diffusion weighted images.   
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2. DTI Metrics as a Marker of Age-Related Decline in Fine Motor Control  
2.1. Introduction 
With increasing age there is a decline in the accuracy and efficiency of fine motor control 
movements.  These declines in motor control performance have been studied from a variety of 
perspectives but until recently central mechanisms in the central nervous system (CNS) were not 
able to be studied.  In this work the role of the axonal myelination status as measured by DTI 
will be used to look at the relation of demyelination in the CNS to declines in fine force control. 
In this study, the performance on fine force control tasks using different effectors is first 
examined to see if there are age-related changes.  Changes in the myelination of motor pathways 
as assessed by DWI, is then performed to show changes with age and to look at differences 
between effectors. Other studies have found age-related declines in motor pathways (Sullivan et 
al., 2010) but declines between different effector systems have not been directly compared. 
Finally, the contribution of myelination changes in specific effector motor pathways on the 
decline of motor performance in that effector is assessed. This study provides an example of how 
DTI can be used as a biomarker in study aging, demonstrating both the importance of DTI and 
also revealing some of its limitations 
2.2. Motor Control and Aging 
While much work has been done in studying declines in fine manual force control, much 
less work has been done on declines in oral force control.  However, recent work suggests that 
oral motor control may be better preserved with advanced age (Enoka et al., 2003; Nicosia et al., 
2000; Youmans and Stierwalt, 2006; Youmans et al., 2009).  Previous work used different 
methods and metrics to study force control in different motor effector systems.  In this work, the 
same technique will be applied on different effectors (fingers, lips, and tongue), allowing the 
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same metrics and, hence, direct comparisons to be used between different effectors.  The fingers, 
lip, and tongue were chosen as effectors to be studied due to their importance in performing tasks 
important with maintaining a high quality of life. 
2.2.1. Participants 
All subjects were recruited in accordance with the Institutional Review Board at the 
University of Illinois at Urbana-Champaign. Subjects were all healthy, right handed, and living 
independently.  A total of 32 subjects falling into two age ranges participated. Fifteen Older 
adults (8 female) being in age of 60-79 years old (mean 67 years, SD 4.5 years) and 18 young 
adults (11 female) being in age 20-30 years old (mean 2.6 years, SD 2.0 years) were included. 
2.2.2. Fine Motor Control Measurement Methods 
For the motor control task, participants were seated in front of a computer monitor 
displaying a cursor controlled by a force transducer.  Using the fingers, lips, or tongue, 
participants aligned the cursor with a fixed target line. Target levels of 10% maximum voluntary 
force (MVF) of the subject and 20% MVF were used for target force levels.  Participants were 
asked to maintain the force for 25 seconds (Barlow and Muller, 1991). This process was repeated 
3 times for each effector and for each force level in separate conditions. Custom built transducers 
and amplifiers (Biocommunication Electronics, Madison, WI) were used to measure the resultant 
force output from the index finger, lips, and tongue.  The output transducer signal was sampled 
at 1 kHz by a National Instrument A/D board and downsampled to 100 Hz for analysis. Custom 
routines in Labview (National Instruments, Austin, TX) were used for experimental control and 
data acquisition. 
Two measures, coefficient of variation (CV) and approximate entropy (ApEn), were 
primarily used for assessment of force control. CV is a measure of variation in force output while 
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ApEn is a measure of temporal complexity. Declines in motor force control are characterized by 
an increase in the force variably and loss in complexity of the temporal signal (Sosnoff and 
Newell, 2008; Vaillancourt and Newell, 2003). Measures were determined using routines written 
in MATLAB (Version 2007B). 
CV measures the variability of the signal and is calculated by dividing the standard 
deviation of a time series by its mean. ApEn measures temporal complexity or regularity (Pincus, 
1991). ApEn is calculated by looking at the repetition of vectors of length m and m + 1 within 
range r of the standard deviation of the time series. An m = 2 and r = 0.2 were chosen based on 
previous work (Sosnoff and Newell, 2008). The output of this metric is a value from 0-2 with 
larger values indicating a more predictable signal.  A random signal would produce a value of 0, 
while a perfect periodic sinusoid would produce a value of 2. A less structured (not predictable, 
random) signal is said to be more complex (Pincus, 1991). For both CV and ApEn, analysis was 
done on the last 20 seconds of the time series in order to ensure that a continuous force output 
was achieved by omitting the first 5 seconds. 
2.2.3. Motor Control Behavioral Results 
The motor force control task showed that young adults showed less variability in force 
output and a more complex time series than older adults. This trend was true across all effectors 
and force measures of interest, as shown in Figure 4. CV appears to function as a more sensitive 
measure of force decline than ApEn. A one-tailed t-test between young and older adults showed 
significant differences across many of the effectors and force levels.  For CV at 10% there were 
significant differences between young and old adults at the p < 0.005 level while at the 20% 
MVF the results were only significant at the p < 0.05 level.  This may suggest than changes in 
force control are more sensitive at low force levels, which are more relevant for everyday tasks.  
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The measure of ApEn was able to show significant differences in the finger control with age. 
However, the oral effectors did not show as large of age-related differences. 
 
Figure 4: Performance on force control tasks as measured by CV and ApEn.   
Stars indicate significance level between young and old groups. 
To look at differences between effectors, the rate of change, as % per year, for the force 
control metrics was found, tabulated in Table 1.  The rate of change was found by taking the 
differences between the means of the young and older adult groups and then dividing that value 
by the mean of the young adults. The value is finally divided by the difference in mean age 
between the two groups to produce a value corresponding to the amount of change that occurs 
each year between the two age groups. The lips showed the largest rate of change, followed by 
the fingers, and then the tongue.  This disagrees with previous work that suggests that oral force 
is well preserved. These differences may be due to several factors relating to the structure and 
function of the effectors.  While all the effectors studied are capable of producing a variety of 
movements, not all the effectors regularly undergo movements that require sustained forces, such 
as gripping an object.  The tongue and lips may perform more poorly in this motor control task 
due to the novelty of the motor response required. There are also differences at the force levels 
that the effectors typically operate at, with oral effectors typically using smaller forces.  The 
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structure of the muscles and their attachments could also play a role in variations between 
effectors (Gentil and Tournier, 1998; Stal et al., 1987; Stal et al., 1990; Stal, 1994). 
Table 1: Yearly change in motor control measures. 
Yearly percentage age-related change in measures (bold) with the p-value of older adults versus young adults comparison in 
parentheses. Measures that are p<0.05 are denoted by a * and measures that are p<0.01 are denoted by **. The p-value is 
from a one tailed t-test of older adults versus young adults. 
 FINGER LIP TONGUE 
CV (10%) 2.14** 
(0.004) 
6.15** 
(0.004) 
1.16** 
(0.003) 
ApEn (10%) -0.58** 
(0.004) 
-0.62* 
(0.037) 
-0.09 
(0.45) 
CV (20%) 0.94* 
(0.012) 
1.76* 
(0.012) 
0.81* 
(0.025) 
Apen (20%) -0.77** 
(0.001) 
-0.42 
(0.068) 
-0.23 
(0.20) 
 
To further look at differences between the effector systems a two-way mixed model 
ANOVA with age (young adults and older adults) as the between subject factor and effector 
(finger, lip, and tongue) as the within subject factor was used to determine if there were 
differences between the effectors for each of the force measure.  The ANOVA results are shown 
in Table 2.  The ANOVA confirmed that there were significant (p < 0.01) differences in force 
control measures in different effectors and with age.  Furthermore, there was a significant 
effector age interaction (p < 0.05) in force control at 10% MVF.  This interaction term indicates 
that force control changes with age and the amount it changes may be related to the effector 
being used.  The other measures of force control, did not reach significance, but a trend (p =0.1) 
was observed, suggesting that with more statistical power interactions may be able to be 
observed with other metrics. 
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Table 2: Identification of age group and effector differences among motor control measures 
ANVOA showing the significance of the metric on the left are affected by age group, effector, and an interaction of age and 
effector. Measures that are p<0.05 are denoted by a * and measures that are p<0.01 are denoted by **. 
  Age Effector Interaction 
CV  
(10%) 
F = 
P = 
Partial η2  = 
27.62 
< 0.001** 
0.235 
57.67 
< 0.001** 
0.562 
3.46 
0.036* 
0.072 
ApEn  
(10%) 
F = 
 P = 
Partial η2  = 
8.06 
0.006** 
0.082 
5.02 
0.009** 
0.100 
1.80 
0.171 
0.036 
CV  
(20%) 
F = 
P = 
Partial η2  = 
11.72 
< 0.001** 
0.115 
109.41 
< 0.001** 
0.709 
1.94 
0.150 
0.041 
Apen  
(20%) 
F = 
P = 
Partial η2  = 
11.09 
0.001** 
0.110 
7.44 
0.001** 
0.142 
2.06 
0.133 
0.044 
 
2.3. Using DTI to Measure Myelination 
Because DTI has been shown to be sensitive to changes in the myelination of axons 
(Song et al., 2002), it provides a biomarker for the structural integrity of myelinated axonal fiber 
pathways.  The DTI metrics of MD, RD, and FA have all been shown to be sensitive to age 
related changes(Abe et al., 2002; Bennett et al., 2010; Davis et al., 2009; Inano et al., 2011; 
Madden et al., 2009; Salat et al., 2005). 
2.3.1. Identification of Effector Specific Pathways 
Due to interest in the rate of decline in fine motor control for different effectors, DTI 
metrics specific to each effector are desirable.  The motor pathways that are expected to be 
unique to each effector are the corticobulbar and corticomotor pathways that are arranged 
somatotopically.  These pathways connect the motor cortex to the descending pathways in the 
brainstem. 
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The same subjects that participated in the behavioral motor control study were also given 
an MRI.  All MRI scans were performed on a Siemens (Erlangen, Germany) 3T Scanner. In 
order to identify pathways that are unique to finger, lip, and tongue movements, a combination of 
fMRI and tractography were used.  The tracts to be identified run from the motor cortex to the 
brainstem.  The brainstem was identified through the Harvard/Oxford atlas 
(http://www.cma.mgh.harvard.edu/).  
Functional areas in the motor cortex corresponding to each effector were identified by a 
fMRI tasks.  The fMRI acquisition acquired thirty-four 3 mm thick slices with a FOV of 220 mm 
and a matrix size of 96x96, A TE of 25 ms and a TR of 2 seconds were used.  During the fMRI 
scan, subjects performed a tapping task with each effector.  Subjects were visually presented 
with an image of each effector and instructed to tap the effector with a 2 Hz audio cue. The 
tapping lasted 10 seconds with 14 seconds of rest.  Effectors were randomly presented with each 
effector being presented 3 times.  
To aid in registering images a T2 overlay with the same slice prescription as the fMRI 
images was acquired.  In addition, a 0.9 mm, high-resolution 3D T1-weighted structural scan 
(MPRAGE) was acquired for registration to an MNI template (http://www.mni.mcgill.ca/).  All 
image registrations were performed using a linear registration tool (FLIRT, (Jenkinson et al., 
2002)). Prior to registration the skull was removed from all images to improve registration  
(Smith, 2002). 
Diffusion data was collected using a twice refocused spin echo sequence with a single-
shot EPI readout.  72 slices 2 mm thick were acquired with a FOV of 240 mm and a matrix size 
of 128x128. A GRAPPA factor of 2 (Griswold et al., 2002) was used, allowing for a TE of 98 ms 
and a TR of 10 seconds. A b-value of 1000 s/mm
2
 was used on 30 diffusion encoding directions 
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along with two images without diffusion encoding. Diffusion tensors were estimated using 
DTIFit in FSL 4.1 (http://www.fmrib.ox.ac.uk/fsl/) (Behrens et al., 2003a; Behrens et al., 2003b). 
Effector-specific fiber pathways were then determined by using probabilistic 
tractography.  Seed regions for each effector were identified by taking the point of maximal 
activation within the motor cortex for each effector from the fMRI acquisition. ROIs were 
obtained from both the right and left hemisphere.  A 2 cm diameter sphere centered at the point 
of maximal activation was then drawn and used as a seed region for tractography.  A target 
region was defined by bringing the brainstem mask into diffusion space.  Probabilistic 
tractography was performed using the Bayesian Estimation of Diffusion Parameters Obtained 
using Sampling Techniques (BEDPOSTX) and probabilistic tractography (PROBTRACKX) 
from FSL 4.1 (Behrens et al., 2003c).  A two fibers per voxel model along with the other default 
parameters were used for BEDPOSTX. PROBTRACTX was run with a curvature threshold of 
0.2, a step length of 1.0 mm, 2000 steps, and 5000 samples modelled for tracking. The 
functionally defined ROIs were used as seed regions to track to a target region, the brainstem. 
The tracking output was the number of tracks that pass through each voxel when connecting the 
seed region to the target region. Voxels with large values correspond to voxels with a large 
number of tracts that passed through that voxel and therefore more likely to be a part of the target 
motor pathway.  DTI metrics were obtained by taking a weighted average of the DTI metric by 
the number of tracts that pass through the voxel. The tracts from the right and left hemisphere 
were then averaged to produce output DTI metrics specific to each effector for the metrics of FA, 
RD, and AD. 
Figure 5 shows examples of the tract identification procedure. It can be seen that the 
fMRI tasks produced areas of unique functional activation.  The areas of activation were 
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somatotopically organized as expected. The manual motor control areas are located more medial 
than the oral motor control regions.  The tractography procedure produced fiber tracts that were 
unique to each effector and maintained somatotopic organization as they descended as expected 
(Guye et al., 2003; Hong et al., 2010; Kamada et al., 2005; Kwon et al., 2011; Park et al., 2008; 
Park et al., 2008; Virta et al., 1999).  While each effector had its own fiber tract, the tracts tend to 
overlap and share more mutual information as they descend.  This is due in a large part to 
limitations in spatial resolution where standard DTI techniques have difficulty in separating these 
pathways. 
 
Figure 5: Example of fiber tracking with red indicating finger, blue indicating lip, green indicating tongue, and the brainstem in 
yellow. (left) Functional areas within the motor cortex. (middle) 3D view showing somatotopic organization of the different 
fiber tracts. (right) shows the ROIs used for tracking and the resulting fiber tracts. 
2.3.2. Effector Specific Measures of DTI Metrics 
A decline in FA and increase in RD were observed with age across all effectors, Figure 6.  
The most significant declines were observed in the finger with a one tailed t-test showing 
significance level o f p < 0.005 in both the FA and RD. For the oral effectors declines were also 
observed at the p <0.05 significant level except in measures of RD in the tongue specific tract.  
Measures of AD showed small declines over all effectors tracts. However, none of the group 
differences were significant with AD.  This agrees with previous literature that AD is better 
preserved with advanced age. 
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Figure 6: Diffusion tensor imaging metrics of fiber pathways for finger, lip, and tongue effectors. Stars indicate significance level 
between young and old groups. 
Using the same method as with the behavior metrics, the percent change per year was 
calculated for the DTI metrics. The rate of decline follows the expected order of decline with 
finger declining faster than lip which declines faster than tongue.  This order of decline is in 
agreement with a “first in, last out” pattern of decline.  The more lateral oral fiber tracts are 
known to develop earlier than the more medial finger tracts. A “first in, last out” pattern of 
decline (Dempster, 1992) has been observed in other systems and these results suggest that a 
similar pattern can be observable in the motor system. 
Table 3: Yearly change DTI measures 
Yearly percentage age-related change in measures (bold) with the p-value of older adults versus young adults comparison in 
parentheses. Measures that are p<0.05 are denoted by a * and measures that are p<0.01 are denoted by **. The p-value is 
from a one tailed t-test of older adults versus young adults. 
 FINGER LIP TONGUE 
FA -0.09** 
(<0.001) 
-0.07** 
(0.006) 
-0.06** 
(0.007) 
RD 0.16** 
(0.001) 
0.11* 
(0.033) 
0.08 
(0.09) 
AD -0.02 
(0.13) 
-0.02 
(0.13) 
-0.02 
(0.19) 
 
The same ANOVA analysis that was used for the force control measures was also used 
on the DTI measures. A significant difference (p< 0.01) was found between different effectors 
and between age groups in measures of FA and RD. No difference was found in measures of 
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AD.  These results suggest that demyelination occurs with age and the myelination state of the 
effectors may be different.  The lack of a strong interaction term may suggest that the 
demyelination is a more effect, rather than specific for each effector. While the systems may 
experience demyelination at the same rate, the impact on motor performance could be impacted 
different amongst the effectors. 
Table 4: Identification of age group and effector differences among motor control measures 
ANVOA showing the significance of the metric on the left are affected by age group, effector, and an interaction of age and 
effector. Measures that are p<0.05 are denoted by a * and measures that are p<0.01 are denoted by **. 
  Age Effector Interaction 
FA F = 
P = 
Partial η2  = 
25.38 
< 0.001** 
0.220 
11.91 
< 0.001** 
0.209 
0.52 
0.596 
0.011 
RD F = 
P = 
Partial η2  = 
14.14 
< 0.001** 
0.136 
5.84 
0.004** 
0.115 
0.68 
0.510 
0.015 
AD F = 
P = 
Partial η2  = 
2.87 
0.094 
0.031 
1.93 
0.151 
0.041 
< 0.01 
0.999 
<0.001 
 
2.4. Relationships between DTI Measures and Age-Related Motor Decline 
The results of the previous analysis show that the different effector systems change 
differently with age.  To see if changes in force control performance are related to neuronal 
structural changes as measured by DTI, a hierarchical regression and mediation analysis were 
used.  The mediation analysis (Baron and Kenny, 1986; Sobel, 1982) was used to assess the 
significance of DTI measures in mediating age related changes in force control. The hierarchical 
regression (Rosenberger et al., 2008; Salthouse, 1996) was used to measure the amount of 
variance in the age-related motor control measures that is explained by the DTI metrics. . To 
determine this dependency, age-related variance in a behavioral measure is first calculated. This 
is followed by calculating the residual age-related variance after regressing out an additional 
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explanatory variable, such as the FA measure from DTI. The proportion of the age-related 
variance that was explained by the DTI metric is determined from the residual age-related 
variance in the behavioral metric. 
Hierarchical regression results,   
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Table 5, indicate that some of the age-related variance in force control can be attributed 
to variance in DTI measures. Age was able to explain up to 32% of the variance of motor 
performance, with DTI metrics being able to explain up to 80% of the age-related variance in a 
motor control measure. In CV, which had significant age-related effects across all effectors, there 
is a higher amount of variance in age-related decline that can be explained by DTI metrics in the 
manual motor effector than in the oral effectors.  Another trend is that FA and RD are able to 
explain almost half of the age-related variance in both CV and ApEn at 20% MVF in finger 
force, while not explaining as much variance at lower force levels.  The ability of RD and FA in 
mediating the age-related changes in motor control performance was tested and several trends 
were identified. RD demonstrated stronger mediation effects than FA.  There also tended to be 
stronger mediation effect in the finger force control than in the oral effectors.  The strongest 
mediation came in explaining ApEn at 20% MVF in the finger with both FA and RD being 
significant mediators (p <0.05) after adjusting for multiple comparisons using a rough false 
discovery rate corrected p-value adjusted to 0.026 (Benjamini and Yekutieli, 2001).  
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Table 5: Contributions of variance in motor control measures 
Significance of DTI metric mediating age related change in force control indicated by * (p < 0.1) and ** (p < 0.05). 
  Finger Lip Tongue 
CV (10%) Variance explained by Age 
Age-related Variance explained by FA 
Age-related variance explained by RD 
26% 
29%* 
38%* 
32% 
14% 
23%* 
27% 
10% 
7% 
ApEn (10%) Variance explained by Age 
Age-related Variance explained by FA 
Age-related variance explained by RD 
22% 
7% 
0% 
10% 
59%* 
80%** 
0% 
- 
- 
CV (20%) Variance explained by Age 
Age-related Variance explained by FA 
Age-related variance explained by RD 
16% 
46%* 
59%** 
16% 
7% 
26% 
16% 
12% 
6% 
ApEn (20%) Variance explained by Age 
Age-related Variance explained by FA 
Age-related variance explained by RD 
29% 
48%** 
52%** 
6% 
- 
- 
2% 
- 
- 
 
This work aimed to show that, similarly to work on cognitive changes, DTI metrics could 
prove a good indicator of age-related declines in fine motor control relevant to everyday life. 
From the mediation analysis, DTI metrics are shown to act as mediating variable in explaining 
some of the changes in motor variability, however more statistical power is needed to determine 
if a significant mediation is present in all effectors. This result suggests a contribution from a 
central source, i.e. neural fiber tracts, to age-related increases in fine motor variability. Although 
a causative role by the central fiber pathways cannot yet be determined in the behavioral 
declines, it supports the hypothesis by (Seidler et al., 2010) that age-related changes in central 
pathways are important in understanding age-related changes in motor performance. Further, it 
was demonstrated that different effectors undergo different patterns of structural decline related 
to deteriorating myelin in corticomotor tracts.  
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The DTI metrics were able to explain up to 59% of the age-related force decline in fine 
finger control. This suggests that age-related declines in neural pathways, even in the cerebrum, 
contribute to motor control declines in people over 60 years old. For the oral effectors, it was 
found that the DTI metrics generally explained smaller amounts of age-related variance. This 
was despite strong age-related effects in CV. From the ANOVA analysis there is an interaction 
between age and effector that contributes to the CV measure, which provides the first indication 
that different effectors age differently in terms of magnitude and structure of variability.   
However, when looking at the DTI metrics there is very little interaction between the effectors 
and age, suggesting the observed decline in FA and increase in RD may be a more global effect. 
Additionally, when examining the performance on motor tasks of the older adults after 
normalization by the mean of the young adults, there is only a significant difference between the 
lips and the tongue, with tongue performance declining least with age, followed by fingers, and 
then the lips.  This type of behavior suggests there are more contributing factors to understanding 
age-related declines in motor control and compensation strategies for declining fiber pathways. 
Further work is warranted to examine other potential factors both peripheral (e.g. muscle 
weakness (Sosnoff and Newell, 2006) and muscular activation patterns (Enoka et al., 2003) and 
central (e.g. white matter volume (Seidler et al., 2010)) factors in age-related motor declines.   
2.5. Future Work on the Central Mechanism of Motor Decline 
Future work on the central mechanisms of motor decline should look at different force 
levels.  This work focused only on the 10% and 20% MVF levels, Many oral movements require 
only 2% MVF, this suggests that fine oral control may occur at even lower force levels than 
measured and measuring at these force levels may help improve understanding of fine force 
movements and explain differences across effectors.  The inclusion of more age groups in the 
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study could also help understand the time course of motor control and their corresponding fiber 
pathways degeneration. 
The DTI methods used required the averaging of values of large tracts.  Future work may 
be able to segment tracts into pieces to provide more specific DTI measures.  The DTI measures 
were also limited by the spatial resolution of the images.  More advanced Diffusion imaging 
techniques may be able to better separate the different effector pathways and reduce partial 
volume effects in measures.   
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3. Pushing the Resolution of Diffusion Weighted Imaging 
3.1. Why high Resolution 
Diffusion imaging has been shown to provide a useful technique for studying brain 
connectivity and structure (Wedeen et al., 2012). It has also been used as a marker for the 
degradation of fiber pathways with age and other pathology, for example, DTI has been used to 
identify pathways that degrade with Alzheimer’s (Rose et al., 2000).  However, current DWI 
techniques suffer from limited spatial resolution, long scan times, and low signal-to-noise ratio.  
A typical high resolution structural MRI can achieve resolution  of around 1 mm isotropic, while 
DWI often has images with resolutions worse than 2 mm isotropic.  The large voxels prevent 
DWI from effectively being used on small structures and results in measures that are corrupted 
by partial volume effects (Alexander et al., 2001). 
In order to achieve higher resolution with diffusion imaging, the in-plane resolution is 
often increased while using thicker slices to maintain large voxels.  This technique works the 
best for structures that do not have spatial variations in the through-slice direction, but have more 
complex structure in plane. This approach has been used to achieve spatial resolutions of 
0.86x0.86x.5 mm
3
 and 0.47x0.47x8 mm
3
    However, this techniques effectiveness is limited to 
structures that do not change in the slice direction.  Other techniques have used a reduced field of 
view approach to only encode a small portion of the image. However this technique is only 
effective to look at a specific target of interest such as the brainstem or spinal cord (Karampinos 
et al., 2009; Saritas et al., 2008).  
A high resolution technique that is able to produce images with comparable resolution to 
structural scans, while having full brain coverage would present an extremely useful tool for 
studying the brain. Higher resolution DWI has the potential to study structures that were not able 
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to be seen at lower resolutions, such as the layers and internal structure of the human 
hippocampus.  High resolution will also help make better measurements of the myelination of 
fiber tracts by reducing partial volume effects. 
3.2. Challenges of High Resolution 
Increasing the resolution of an image presents many challenges.  The main challenge is in 
obtaining high SNR in a reasonable scan time.  Additionally as the image size increases, the 
image reconstruction problem becomes more computationally demanding. 
3.2.1. Signal to Noise Ratio 
In an MRI image, the signal to noise ratio (SNR) of an image follows the relationship in 
Equation 6, (Edelstein et al., 1986). 
 
Equation 6 
Where Δx, Δy, are Δz are the voxel sizes in the x, y, and z directions respectively. Tacq is 
the time spent acquiring data for a single image. NEX is the number of averages of an image 
acquired. 
Equation 6 reveals the problem with achieving high SNR at high resolution.  The SNR is 
directly proportional to the voxel size. So to increase the resolution from 2x2x2 mm
3
 to 1x1x1 
mm
3
 the SNR would decrease by a factor of 8.  In order to match the SNR of the 2x2x2 
mm
3
 acquisition, 64 times more acquisition time or averages are needed.  If the total scan time 
had to be increased by 64, this would result in scan that is normally 5 minutes, to be over 5 
hours, making the scan not clinically feasible for in vivo work. 
NEXzyxSNR T acq
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3.2.2. Acquisition Time 
Diffusion imaging experiments require a large amount of scan time compared with 
standard anatomical scans of the same resolution.  The long scan times are caused by long 
repetition times (TR) and the need to acquire many images. The signal preparatory period is the 
cause of the long TRs.  Long diffusion gradients are needed to encode the small motions 
associated with diffusing water.  Many images are needed in order to model the diffusion in each 
voxel.  The diffusion encoding itself also causes signal loss, requiring extra images to be 
acquired in order to accurately model the diffusion.   
3.2.3. Motion 
While encoding small displacements due to diffusing water, the acquisition is also 
sensitive to larger and more coherent motions due to bulk subject movement. Motion during 
diffusion encoding causes shifts in k-space and phase offsets (Anderson and Gore, 1994), 
resulting in phase cancelation in the reconstructed image.  In single shot imaging these phase 
errors are insignificant because magnitude images are typically used for analysis. However if 
higher resolution is desired, it becomes challenging to sample k-space adequately in one shot, 
even using parallel imaging.  Because multiple shots are needed to sample k-space, motion 
induced phase errors become problematic and lead to signal loss. 
At higher resolutions, the pulsation due to blood flow can also result in some encoding of 
these cardiac-induced displacements. Since these are not the desired diffusion process, they are a 
confound to accurate diffusion measurements.  To minimize pulsation errors, acquisitions are 
commonly acquired using cardiac gating. 
3.2.4. Image Reconstruction 
Reconstructing high resolution datasets has several challenges.  First because the images 
are going to be high resolution there are a large number of voxels. Secondly because it will be 
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desirable to acquire as much data as possible each shot, issues with field inhomogeneity arise 
that need to be corrected.  Thirdly, because data is often acquired using multiple receiver coils 
and undersampled to reduce scanning time, a parallel image reconstruction must be performed, 
such as SENSE or GRAPPA.  Finally in order to sample k-space more efficiently, non-Cartesian 
trajectories, such as spiral, could be used to reduce scanning time, but also result in making the 
reconstruction process more computationally challenging. 
3.3. Confronting Challenges of High Resolution Diffusion Imaging 
In the following sections, each challenge will be discussed and steps will be proposed to 
address them in order to achieve high isotropic whole brain DWI with reasonable imaging time. 
3.3.1. Signal to Noise Ratio 
With high resolution the voxel size is small, without changing the voxel size the only way 
to increase the SNR is to increase Tacq or NEX. Because Tacq and NEX are both time spent 
acquiring data they can be replaced with the variable Ttot that represents the total time spent 
acquiring data for an image, including averages. Substituting this into Equation 6 gives Equation 
7. 
T totzyxSNR   
Equation 7 
Equation 7 can be simplified by replacing ΔxΔyΔz with V to represent the volume of a 
voxel, giving Equation 8. 
T totVSNR   
Equation 8 
If the resolution is increased and the FOV remains unchanged, the acquisition time needs 
to increase in order to keep the same sampling requirements for the trajectory.  For example 
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decreasing the voxel size in one dimension by a factor of 2 would result in the need to double the 
acquisition time. 
If two acquisitions that have the same amount of total acquisition time are compared the 
SNR will be proportional to the voxel sizes of the images, Equation 9. 
V
V
SNR
SNR
2
1
2
1   
Equation 9 
From Equation 9, it can be seen that decreasing the voxel size of an image is linearly 
related to a loss in SNR.   
In order to increase the SNR, the total acquisition time needs to be increased.  The 
acquisition time can be increased by either increasing the length of the data readouts or by 
increasing the number of data readouts. 
3.3.2. Increasing Readout Durations 
Long readouts allow more data to be acquired for each excitation, reducing the total 
number of excitations required to get a full image.  Long readouts are particularly useful in cases 
where there are large signal preparation periods, such as in diffusion imaging, that take a 
significant amount of overhead time to perform each repeated excitation for measurement.  
Increasing data readout durations has a time-efficiency benefit over increasing the number of 
data acquisitions because less signal preparation periods are needed. 
While long data readouts are useful, their length is limited by signal decay.  Signal decay 
could be due to either relaxation (i.e T2 relaxation) or due to field inhomogeneity. A spin echo 
sequence is typically used in diffusion imaging get T2 decay instead of T2* decay.  There has 
also been work on using STEAM sequence to perform diffusion imaging.  The STEAM 
sequence allows for shorter echo times and larger b-values to be used.  However the STEAM 
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sequence has half the signal as a conventional spin echo and also has longer signal preparation 
period than the standard PGSE sequence. 
The other effect limiting readout duration length is field inhomogeneity.  Off-resonant 
spins can cause blurring, distortion, signal loss, and signal pile up.  The off resonant effects 
become more severe with longer readouts.  Methods have been developed to correct or reduce 
the effect for some of these artifacts. In Cartesian scans, these distortions appear mainly as 
geometric distortions these distortions can be greatly reduced by shifting the signal back to 
where it belongs (Jezzard and Balaban, 1995). With non-cartesian trajectories, these pixel shifts 
become more challenging to correct.  Another possibility is to use a conjugate phase 
reconstruction (Sutton et al., 2003) to correct for field inhomogeneity. Although field correction 
can help reduce the resulting distortion, the length of the readout will eventually be limited by 
the field map and how it distorts the point spread function. As field inhomogeneity distortions 
increase, the condition number of the image reconstruction problem worsens. Ultimately, readout 
duration will have to be limited to maintain accurate reconstructions with good signal-to-noise. 
3.3.3. 3D multi-slab imaging for optimizing SNR efficiency 
To achieve high resolution images with sufficient SNR, more data for each image needs 
to be collected.  One way of doing this, increasing the readout duration, was already discussed. 
The second method to collect more data is to increase the number of readouts. 
If more data readouts are desired and an acquisition is already using the minimum TR, 
then the increase in the total amount of scanning time would be directly related to the number of 
additional readouts desired.  This poses a problem when attempting to achieve high resolution 
diffusion images, because TRs are already large due to the diffusion encoding period. If using a 
2D diffusion sequence and acquiring full brain coverage, the minimum TR can be greater than 10 
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seconds. Compared to required time for T1 recovery, minimal TRs on the order of 2-3 s are 
adequate to recover signal from acquisition to acquisition.  If more readouts are simply added to 
this acquisition scheme, it will increase the scanning time significantly. Long scans introduce 
more subject motion to the acquisition and also increase the cost of a running a scan due to an 
increase in the amount of scanner time needed. 
A technique that can be used to decrease the TR of a stack of slices in the 2D acquisition 
is to switch to a 3D acquisition.  In a 2D acquisition every imaging volume needs to be imaged 
within a TR, for a 3D acquisition there is only one image volume that needs to be excited during 
the TR. Because only one volume needs to excited, the TR can be made much shorter, allowing 
more data readouts to be acquired in the same amount of scanning time, making it more SNR 
efficient.  However, sufficient time for signal recovery needs to be ensured. As excitations are 
made closer together, there is less time for signal recovery between excitations, leading to lower 
signal. A tradeoff needs to be made between the number of readouts and the signal recovery 
time.  Equation 10 is the T1-related signal recovery equation for a spin echo which is graphed in 
Figure 7. 
eee
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Equation 10 
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Figure 7: Signal recovery from a spin echo sequence 
Equation 10 plotted with TE=70ms, T1=1084ms, and T2=9ms 
For two acquisitions with same number of readouts and resolution, the SNR between the 
two images will be Equation 11, where the ratio of the signal recovery as a function of TR 
follows Equation 10. 
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Equation 11
 
However if Equation 11 takes into account the increased number of readouts that are 
possible with a shorter TR, Equation 11 becomes Equation 12. 
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Equation 12 
Plotting Equation 12 and normalizing by the maximum value produces Figure 8. 
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Figure 8 SNR efficiency of a spin echo 
From Figure 8, it can be seen that the optimal TR is approximately 1.5 seconds.  The use 
of a TR less than 1.5 seconds causes SNR efficiency to decrease. This is due to insufficient time 
for the signal to recover. TRs longer than 1.5 seconds are inefficient because more data readouts 
could be used to achieve higher SNR through increases in data acquisition time. 
For a 2D acquisition, we cannot achieve a TR of 1.5 seconds, unless only a few slices are 
being acquired.  In order to operate at a higher SNR efficiency, a 3D acquisition can be used. 
Because only one volume needs to be excited, a 3D acquisition can achieve a shorter TR. 
The drawback to a 3D acquisition is that it potentially takes longer to acquire the data for 
a single image, due to the need to encode the third dimension.  If a 2D and 3D acquisition have 
the same number of readouts per image, the images will have the same SNR. However, the 2D 
sequence will achieved that SNR through acquiring averages, while the 3D acquisition achieved 
it by acquiring data in a third dimension. If a large object is being image with many slices, a 3D 
acquisition may be impractical because it requires a large amount of data to be collected in order 
to reconstruct one image, although it will have the highest SNR possible in the scan time used.  
However if less SNR is acceptable a 2D approach may be more practical because the number of 
averages can be reduced in order to produce an image in less scan time.  
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To further leverage the acquisition time advantage of 2D with the SNR advantage of 3D, 
a 3D multi-slab approach can be used.  The multi-slab approach divides an object up into several 
slabs and excites each one individually.  This technique enables the use of the SNR efficient 3D 
imaging, while allowing less data to be collected to for each image.  The 3D multi-slab approach 
maintains high SNR efficiency, but brings a new issue in boundary artifacts between slabs. 
3.3.4. Correcting for Motion in multi-shot 3D diffusion imaging 
With the need for high resolution and 3D imaging, single shot imaging is no longer 
possible. Therefore, a multi-shot imaging acquisition is needed, resulting in a need to correct for 
motion induced phase errors. In 3D imaging, shifts in k-space trajectories can occur in any 
direction. So in order to accurately compensate for these errors, a 3D navigator must be used.  
There are many methods available for performing the correction in 2D, however the 3D problem 
is more challenging. The Method developed by Van (Van et al., 2011) is a fast and robust way to 
correct for motion error using a 3D navigator image.  By correcting for these k-space shifts, the 
resulting k-space trajectories are shifted for each shot.  These shifts are different for each shot 
and acquisition, therefore the k-space trajectory is not known until after the image is acquired, 
increasing the complexity of the image reconstruction problem. 
3.3.5. Image Reconstruction 
Based on the previous criteria the image reconstruction problem will be very 
computationally demanding.  The 3D approach creates a large image that needs to be 
reconstructed. The long data readouts are susceptible to field inhomogeneity and need to be 
corrected. Most scanners also have multiple receiver coils, so the data from coils needs to be 
combined efficiently. Finally, due to the motion induced phase error correction each shot of the 
k-space trajectory is shifted, resulting in a trajectory with randomly shifted shots that is different 
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for each acquisition.  Reconstructing a data set of this size on a CPU would take on the order 
days to weeks. 
To speed up the image reconstruction, the parallel computing power of GPUs can be 
used. By taking advantage of advanced gridding techniques on the GPU (Obeid et al., 2011), a 
faster reconstruction can be performed. Image reconstructions were able be performed in only a 
few hours using GPU based reconstruction code (Xiao-Long Wu et al., 2011).  By using GPU 
based reconstructions, reconstruction times that are more clinically feasible are possible. 
3.4. Results 
An imaging acquisition and reconstruction procedure was developed that enabled the 
acquisition of high resolution diffusion weighted images.  In vivo results using a 1 mm isotropic 
voxel size are presented. 
3.4.1. Pulse sequence 
In order to achieve a high SNR efficiency, the proposed acquisition strategy using 3D 
multi-slab geometry was used.  The pulse sequence used to achieve this is shown in Figure 9. 
The acquisition uses the PGSE (Tanner and Stejskal, 1968) approach for encoding motion.  After 
the diffusion preparatory period is the data readout. A spiral trajectory (Glover, 1999) was used 
for sampling k-space, due to its increased efficiency in sampling k-space.  To sample in three 
dimensions, a stack of spirals trajectory was used.  This trajectory enables the in-plane resolution 
to be modified by changing the number and duration of spiral readouts needed for each z-encode 
and the resolution in the slice direction to be modified by changing the number of z-encoding 
steps. To achieve the z-encoding a z-encoding gradient was placed before the spiral readout.  
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Figure 9: High resolution 3D diffusion pulse sequence 
Because the acquisition was high resolution, multiple shots were needed to adequately 
sample k-space. In order to correct motion induced phase errors a 3D navigator is needed. A 
second refocusing pulse was placed after the data readout portion, to create a second echo.  A 
low resolution 3D navigator image was acquired around the second echo.  The navigator used a 
stack of spirals trajectory with a matrix size of 15x15x10. 
Several additional gradients not present in Figure 9 were used for controlling for signal 
coherence pathways.  Crusher gradient pairs were placed around each refocusing pulse.  Gradient 
spoiling after the navigator was also used to remove transverse magnetization. 
To minimize motion due to cardiac pulsation, cardiac gating was used. In order to operate 
near the desired TR of 1.5 seconds, an image was acquired every other R-R interval. This results 
in a TR of 2 seconds for a person with a heart rate of 1 second. In the multi-slab imaging 
approach, each slab is a separate image. Therefore each slab can be excited within the TR. To 
ensure that pulsation has minimal impact, only 2 slabs are capable of being acquired at each R 
wave. This strategy results in 4 total slabs being acquired within a TR, producing an imaging 
scheme with 4 3D slabs. 
3.4.2. Images 
In vivo data was acquired on a Siemens (Erlangen, Germany) 3T Scanner using the 
proposed sequence.  Each slab had a matrix size of 240x240x32 and resolution of 1x1x1 mm
3
. A 
six shot spiral with 36 ms readouts was used for imaging data for 32 z-encoded steps.  4 total 
slabs were acquired with a slab overlap of 25%, resulting in a final coverage of 240x240x96 
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mm
3
.  A TR   of 2 R-R intervals was used with an echo time of 67 ms for data and 151 for 
navigator data.  Six diffusion weighted images with a b-value of 700 s/mm
2
 and one image with 
no diffusion encoding were acquired.  
Figure 10 shows examples of the diffusion weighted images acquired using the propsed 
diffusion sequence.  
 
Figure 10: 1mm  isotropic diffusion weighted images with 3 different diffusion encoding directions 
3.4.2.1. Motion Correction 
In Figure 11 the results of the motion correction technique are displayed.  Before motion 
correction, areas of low signal are evident due to phase cancellations.  The 3D navigated 
approach provides a way to accurately reconstruct 3D multi-shot diffusion weighted images. 
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Figure 11: Motion correction for 3D diffusion imaging  
(left) without motion correction, (right) with motion correction 
3.4.2.2. Magnetic Field Inhomogeneity Correction 
Figure 12 shows the improvement in image quality enabled by using a time segmented 
approach for magnet field inhomogeneity correction in the image reconstruction algorithm 
(Sutton et al., 2003).  Without field correction the reconstructed image is very blurry, especially 
in the frontal region of the brain that is typically experiencing larger field inhomogeneity due to 
the presence of the sinus air-spaces.  A time segmented approach using 10 time segments was 
used to produce the improved image. 
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Figure 12: Field inhomogeneity correction  
(left) without filed correction, (right) with field correction 
3.4.2.3. DTI images 
In Figure 13, an example of a FA image is shown.  A diffusion tensor was calculated 
from the acquisition using DTIFit in FSL 4.1 (http://www.fmrib.ox.ac.uk/fsl/) (Behrens et al., 
2003a; Behrens et al., 2003b). Many of the tracts are much clearer than in standard DTI imaging.  
There is very little signal loss at the points where tracts running in opposite directions are 
adjacent as is common in low resolutions where there are crossing fibers in the same voxel.  
However there is still some room for improvement as some artefacts related to bulk subject 
motion still exist.    
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Figure 13: 1 mm isotropic FA images  
(left) FA image, (right) color FA image, red indicates left/right fibers, green-anterior/posterior, and blue-head/foot 
3.5. Future Work 
The proposed technique was able to be used to successfully create high resolution 
diffusion weighted images.  The approach provides a promising technique to study new fiber 
structures. It will also enable more specific DTI measures to be made by structures being able to 
be differentiated more easily and also reduces partial volume effects.  One possible target is the 
hippocampus which is an important structure in learning and memory.  The hippocampus is a 
complex structure with smaller fiber pathways. Being able to use DTI to effectively look at 
specific pathways in the hippocampus may help researchers better understand the memory loss 
that is associated with aging or diseases such as Alzheimer’s. 
The Technique appears to provide excellent resolution in 3 dimensions, but more work 
needs to be done looking at the resolution and SNR requirements for looking at different sized 
structures. While the technique is useful for achieving small voxel sizes, further work still needs 
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to be done to reduce scanning time and reduce slab boundary effects.  By carefully designing RF 
pulses there may hope to improve slab boundaries.  The acquisition time also has the possibility 
of being reduced if longer readouts are able to be used. Different 3D trajectories, such as a cones 
trajectory, may also help to reduce scan time, due to their more efficient sampling of 3D k-space. 
Additionally a reduction factor in sampling due to parallel imaging may be able to be used.  
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4. Conclusion 
DWI is a technique that provides a lot of promise for the future.  DWI is being used to 
study disease, aging, cognition, and motor control. In this work, a study on the role of DTI 
metrics to study motor control was presented.  The study found that there is both a decline in 
myelination with age and a loss of fine motor control ability. These changes in motor control 
appear to be effector dependent.  There were also differences observed in the rate demyelination 
occurred in the effector specific tracts.   From hierarchical regression and mediation there is 
evidence for a relationship between DTI metrics and age related motor decline.  However the 
DTI methods in the motor control study faced limitations due to spatial resolution that the 
remainder of the work focused on addressing. 
A framework for a diffusion imaging approach was presented for high resolution was 
successfully implemented to achieve in vivo images.  The approach enabled higher SNR and also 
addressed issues that arise from switching to a 3D acquisition. By integrating many techniques 
together, an effective approach for achieving high resolution diffusion imaging was performed. 
This technique will allow for future studies using DWI to explore new structures and refine 
processing techniques for diffusion images by providing high SNR images in reasonable scan 
times. 
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